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Abstract

Biological organismsdisplay an astonishingcapability
to learnnew skills andadaptto dynamicernvironmerts
thatfaroutperformsarny computeror robotsystem.This
papempresentanapproachio robotskill acquisitionthat
takes conceptsrom developmental theoryto structure
thelearningproblemandprovidesamechanismio gen-
eratedevelopmenal schedulesor arobotsystemsThe
approat usesa developmental assembleto construct
reusableandtemporallyextendedactionsin asequene.
All behavior is initially constructedrom a setof in-
natecontrollaws andeventsthatdelineatecontroldeci-
sionsarederived from the patternof (dis)equilibriaon
a working subsetof sensorimeor policies. We shov
how this architecturecan be usedto accomplishse-
guentialknowledge gatheringand represeration tasks
andprovide examplesof developmentallearningusing
aquadrugdalwalking robot.

Intr oduction

Biological systemsexhibit capaliities to acqure new skills
and address novel tasksin compgex ervironmers that far
surpassxisting compuer androbd techndogies. We pro-
posethatpartof this successs their useof innatestructues
anddevdlopmenal mechaismsto guide learningwhile in-
teractingwith the ervironmen. In particular we propose
thatkinematic, dynanic, andneuological propertiesareex-
ploited to simplify and structurelearning Developmen-
tal processesonstrict increasinty comple representations
from a sequencef tractablelearningtasksdriven by a set
of internal and ervironmenal reinforcers. In this paper
we presentan apprach to developmertal organizationin
robdic systemghatis aimedat providing similar learning
andskill acquisitioncapaliities.

Behavior in biologcal systemsis frequently learnedin
stagesBy Piagetsaccoumnthesensorimotostagen human
infants,for examge, lastsroughly 24 montts (Piaget1952.
In the first four months,reflexive responsedegin to orga-
nize into coheent motor stratgies, and attentionh mecha-
nismsbegin to emege. From four to six months,primary
circular reactiors are practiced Betweensix andeighteen
montls, theseprimary circular reactiors leadto behaioral
modds of the world thatapplyto “classes”of interactiors.
A correrstongo thetheoy describig suchobsevationsis
theprapositionthatcortrol knowledgecanberepresetedin
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amanne thatsuppots generalizatia. Thispaperexploresif

acommitrrentto suchfigurativeschemataanleadto theac-
quisitionof hierarctical contrd knowledgethatcanbeused
to similar advartagein the organizationof robot behaior.

In this pape we presentanapprachto devdlopmeral or-
ganizationin robotic systemghatusesa developmetal as-
sembletto corstructandre-usebehaioral schematél akoff
198&4; Mandler199). Startingfrom aninitial setof figura-
tive schematagorrespondig looselyto innatereflexes, this
appoachacquiresnenv schematahrough interaction with
the world underthe guidanceof a developmentalstrateyy.
We showv how this apprach canyield not only improve-
merts in learnirg capabilitiesalonga develgpmentaltrajec-
tory but alsoleadsto the acquisitionof contrd knowledge
andabstracknowledgerepresentationgroundedin beha-
ioral skills. The operatiam of this appra@chandits potential
berefits areillustratedwith a sequencef expelimentson a
quarupal robot platform.

Structuresfor Learning and Development-
Lessonsfrom Developmental Theory

Investigatingdevelopmert in biology reveals a numter of
corceptsthat areimportant for its successandthat, if cap-
turedin an appopriatecomputationalframework, canalso
be usedto constructroba contrd systems. In particular
studiesin biology andpsychdogy shav how the structue
of theorganismanddevelopmentaimechaismsareusedef-
fectively to redice the comgexity of skill acquisition
Consideing, for examge, aninfantasanadaptve system
in anopenenvironmet, theprodem of establishinggmono
lithic contiol systemis truly dauriing. However, studiesof
development shav thatcomplex sensorinotor proessegan
tempaarily compiomise expressve power to redwce com-
plexity. Manadng this tradeof effectively canleadto com-
putaional tractability in the shortterm and growth toward
optimal behaior in the long term. We adwcatethe rel-
atively optimistic position that traditionsin robotics, con-
trol theory Al, andlearningareadegatecompuationalac-
cownts of someaspectof betavioral develogpmentandcan
thusform abasisfor adevelgpmentakobot contrd systems.

Developmental Theory

Epigeneticdevelopmerial theol proposesthatprimitive re-
flexes, expressedsneun-anatmnical structues,arethe ba-
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sic building blocksof behaior. In this model,behaior is
constricted from combinations of reflexes in responseo
reinforcement.Ontogetic developmenmal theoly suggests
that coordnatedbehaior appearsand subsequety disap-
pearsin orderto sene a developmernal function.

We conterd thatreflexessene asanepigeneticcomputa-
tional basisandthat someare short-lived andsene an on-
togeretic knonledgeformatian role. For exanple, the step-
ping reflex is likely the antecedet of walking, but no sim-
ple reflexive preairsorhasbeenidentifiedfor reachimg tasks
which require multiple coordnated reflexes (Asymmetric
Tonic NeckReflex (ATNR), palmargraspreflex, distal-cut
reflex, Moro (clasp)reflex, startle,etc.). To undestandde-
velopmentalprocessesve needtherefae to understanchow
knowledgeandstructue interactovertime to acquireskills.

Biological obserationsand develgpmentaltheoies sug-
gesta nunber of essentialcomponens of developmenal
structure namelythe mechaism which moduatesphysical
behaior, reflexesasthe building blocks of behaior, matu-
rationalmectanismgthatguidedevelopmen, andalearning
systenmthatencapgulatesandre-wsescortrol knowledge.

Kinematic and Dynamic Structure In humansandother
biologcal organisms,kinemadic propertiesof the skeleton
andthe dynamicsof the musculatue strondy influencede-
velopment. For examge, Bizzi et. al. suggstthatmuscle
dynanics influencethe suitability of mota contrd (Bizzi,
Chapple& Hogan 1982.

Roboticistshave similarly usedkinematics and dynam-
ics to fashionrmectanismswith apprgriatepropertiesto fa-
cilitate behaior. For instance,Salishury (Salishury 198)
designedhe Stanfod/JPL robot handto be kinematically
isotropicwhengraspimg a 1 inch sphere Similarly, intrinsic
dynamics hasbeenusedto designpassve walking mecha-
nisms. However, our ability to addesstasksthrough prop-
ertiesof themechaismremairs adhoc. As a corsequence,
a developmentalroba contrd systemhasto appopriately
modé andcontrd the physical structureof the meckanism.

Reflexesand Composability The CentralNervwous Sys-
tem (CNS) s organizednotin termsof anatonic sggmerns
but accordimg to movementpatterrs (Aronson198l). The
basicform of packag@dmovemenipatterris thereflex which
canresidein the centrd andperipteralnenous systemand
rangefrom involuntary resposesto cortically mediatedvi-
sualreflexes. Theseprocessesontibuteto the organization
of behaior at the most basiclevel by constituting a sen-
sorimota instructian setfor the developing organism. The
so-calleddevelopmenal reflexes sene ontagenetic goals
by guiding skill acquisitionandare not elicited in norma
adults.In additionto providing sensorimtor function, these
reflexes alsoexercisethe muscuatureandfocus learnirg on
condtions uncerlying develgpmentalmilestones.
Thecompgaition of reflexes canleadto morecompehen-
sive behaior. For exanple, thereis evidencethatadiscrete
numter of individual force fields are supeimposedin the
frog's leg/spineto yield contiruouslycontrdlable leg posi-
tion (Mussa-haldi, Bizzi, & Giszter1991). Moreover, cer
tain motor patterrs repeatin a reguar pattern. Some,like
walking, swimming,or flying, arethe resultof CentralPat-

tern Generatas (CPGs). Wolff suggestsnethals for com-
posirg oscillatorsin orde to addressiovel initial condtions
andcontets (Wolff 1991).

Similar ideas have also been used in the design of
robotic systems. For examge, Williamson has demon
stratedthe useof simple oscillatorsfor periodc manipua-
tion tasks(Williamson199W). In additian, arangeof contol
appoacheshave beendeveloped which corstructbehaior
from a setof basicactions,includng a range of behaior-
basedroba contrd technigies (see (Arkin 1998B) for an
overview), andBurridge et. al’s juggling robot (Burridge,
Rizzi, & Koditsclek 199).

Developmental Schedulesand Maturation

Behavior and knowledgeacqusition in biological systems
usuallyoccursin stagesfollowing a developmenal sched-
ule. Thescheduleas hereenforcedlargely by maturatiol

meclanismsthatlimit the setof available physicalandsen-
sory resources.As a conseqance,behaior development
tends to initially focus on a limited setof degreesof free-

domandthenexterdsto finally incorpaateall thekinematic

structues. For exampe, Berthieret. al. (Berthier Clifton,

McCall, & Robin199) puHishedconsistentindings of lon-

gitudnal studiesof infants(6-30 weeks)during the onsetof

visually- and acostically-guiced reachingtasks. Initially,

reacling movementsapper to be focusedprimaily in the

shoudder andtorso. Large proximal degrees-of-feedomare
engagedfirst while theintrinsic musclesof theforearmand
hard stiffenedvia co-catraction.

Developmental Milestones The maturatiomal proesses
descrited above leadto a developmenal trajectorythatoc-
cursin anumbe of stagesFiorentiro presets a coarsede-
scriptionof the developmentalproessduring thefirst year
of aninfart’slife (Fiorentiro 1981) A sequencef postual
stability tasksis identifiedthatstartswith theinfantacqur-
ing the ability to contmwol its head. In this task,information
is assumedo behearily weightedtowardvestihular, propi-
ocepive, and (later) vision organs. Figure 1 illustratesan
early sequencén which a child learnsto raiseits headoff
thefloor. Theinfantusesoptical-andlabyrinthine-richting
reflexesthatdevelop over thefirst few weeks.Thesemecta-
nisms,from the prore position,interactwith the symmetric
tonic neckreflex to developa quadupedalposition. A pro-
prioceptive reflex calledthe "body-onthead’reflex helpsto
rotatethetrunk in responseo a headangle. Theinfantthus
acqures policiesfor rotatingthe trunk and headaboutthe
body axisto pantheheadandeyes.All of thisleadstoward
stabilizingtheinfantin sitting andlater standingpostues.

As shovn throudhoutthis section biological systemsely
corsiderablyon reflexive structues that not only geneate
behavior, but shapeheacqusition of contrd knowledge. In
the following, we progposea compuational mechaism to
implemrent a similar form of stagedknowledge formation
and learnirg. This appoachhasalread be appliedsuc-
cessfullyto a numter of robot platforns, including multi-
fingeredhandsmotle robas, andwalking platforms, to ac-
quire contrd schemata.Someof theseschematandtheir
potential placein an “infant-like” devdlopmenal sequene
areindicatel in capitalnamesdn Figurel.
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Figure 1: Superimpsing a developmemal sequenceob-
senedin human infantswith schemataevelopedonrobdic
platfoms. schematareshowvn in capitalletters.

A Model for Developmentin Robots-
A Developmental Assembler

Figure?2 outlinesa computationalframework for roba sys-
temsthat addessedearningand developmem andthat in-
corpaatessomeof the principles of structue discusseear
lier. Thisframeawork constrictsbehaior from acompacset

Developmental
Schedule
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Figure2: Native structure)earnirg, andbetavior in aninte-
grateddevelgpmentalassembler

of figurative schematan the contrd basisuncer the guid-
anceof a devdopmenal schedle. During this process,
the systemalso learnsmodelsof the interaction dynam-
ics. Schemataare learnal using a reinforcemen learning
compnentin a Semi-Marlov DecisionProcesgramenork
andcanbere-usedasadditioral elemets in the contiol ba-
sis. Theseschematatogetter with their associatedlynamic
modds, sene as contiol knowledgefor subseqant tasks.
During learning one dimensionof developmetn is viewed

as a schedulingprodem in which a strateyy for engaying
sensormotorandcomputationalresouicesis sough to sat-
isfy a task. Eachstageof this processis charactered by
developmaental paraneters;the tasks,the participatirg con-
trol objecties, the sensorand effecta resourcesllocated
andaxiomsthat definelegal combinationsof behaior. The
overall objective is to progressthrough a sequene of such
desigrs to assembl@ew behaiors.

Action

The frameavork presentechereis desigred to learna be-
havior hierachy by compaing more primitive actions.The
Contrd Basis(Huber, MacDonald & Grupen1996 Coelho
Jr. & Grupen 1997) in Figure 2 is desigred to provide a
combinatoricbasisfor cortrol that suppots the represeta-
tion of declargive andprocediral controlknowledge. The
most primitive actions,loosely correspnding to reflexes,
areclosedloop contol processegorstructedby comhbining
anartificial potential(or objective), ¢ € ®, sensoryabstrac-
tions, s € Q,, andgrows of effectors, e € Q.. Theef-
fectof anactionplaysout over time asthe cortroller actsto
optimize the actions contrd objectve. Modeling primitive
actiors ascontollershereimpliesthati) actionsareasymp
totically stableand gereratetrajectaies toward locally op-
timal condtions with respectto the objective function, ii)
cortrollerssuppesslocal pertubations;ii) thedynamicsof
the contrdled systemprovides usefu discreteabstractions
of theunderlying contiruousstatespaceandiv) timeis me-
teredby discreteobserableevertsin thetransientrespmse
of thecontolled systenratherthanby anarbitraryclock.

Concurrent Control Composition To further increase
the expressvenessthe Contrd Basisframework pernits to
activate multiple cortrollers concurently. To obtaina pre-
dictable behaior thecompaitionusedhereutilizesthehier
archical subject-tooperato, <, which,similarto theMoore-
Penrse pseudmnverse (Yoshikava 1990, limits actionsof
the subodinatecontrdler to stepswhich do not counteact
the objectives of the dominant controller For exanple, a
pair of controlles, ¢s,p < @sup, Will descendhe potential
of the superio contmoller, ¢,,,, andwill superinposeonly
thoseaction compmentsfrom the subordnate contoller,
dsup, thatdo not increasethe value of the supeior poten
tial. Exanplesof this apprachto multi-objective contol
include postue optimizaion while reacling for agoal.
Learring, in this framework, is focusedn findingcomb-
natiors of cortrollers that createfavorabledynamics. New
policies canbefound in termsof existing contrdlers.

Stateand SystemModeling

The DynamicModding compaentof Figure2 is respmsi-
ble for mockling the signaturedynamics of the contrdled
process. For exampe, Figure 3 plots the potential, ¢(¢),
aganst its rate of charge for a graspcontrollerasit posi-
tions fingerson an unkmown object(CoelhoJr. & Grupe
1997). As canbeseenthe contrdler hasmultiple equilibria
becawse thereare mary cortrol contexts, i.e. mary differ-
entobjectsandgraspsolutions.Whenpolicy 7; is engayed,
thepatternof membeshipin theseemprical mocels, A — F',
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Figure3: The patternof membeshipin governing dynamic
modds senesto identify a discretestatefor the policy.

changsover timein amannethatidentifiesthecurrern con-
trol context. Model F' is a specialmockl signifying corver-

gence,i.e. % ~ 0. Model F' is the only modé native to
every contloﬁer - all othermodds arecontmoller-specific.

Thisperspectie hasrootsin method lik e HiddenMarkov
Models(HMM) wherecateyoriesarefound by parsinga se-
guerceof events. Lik ewise, Takensstheorendescriteshowv
patternsn nonlinea dynamicalsystemsarerelatedto hid-
denstates.In our architectue, closed-l@p contrdlers pro-
ducemechanial artifactsthat distinguishcontrol contexts.
Assertionsaboutthe systems stability have beenusedto
formthestatespacdor suchsystemsasin theattractos pro-
posedby Huberet. al. (Huber& Grupenl997) or the limit
cyclespropsedby Schaakt. al. (Schaa& Sternadl999.

Controlles aredistinguishedoy their sensoryand motor
resouceallocations.Thedynanic stateof thecortroller can
beexpressedy apredicatevecta ¢; € Z* thatdescriesthe
statusof ¢; by identifying the subsetof empiical mocels
M;; ,j = 1...k thatareconsistenwith the rur-time obser
vatiors. For instancean elementof ¢; canrepresehcon-
vergence,implying that, for exanple, a particularstanceof
a walking machne is stable. We found thata small setof
suchmodelsis sufiicientto recorer awide varietyof contrd
contets (Coelho2001)

In geneal, an agents predcate stateq reflectsthe cur
rent statusof severd actve contollers. We dende by
p(M;;]¢:(q)) the probaility that model M;; explains the
obseredtime historywhencontoller ¢ ; is enggedin state
g. The systemidentification taskis to learnp(M;;|¢:(q))
for all predicatestates;.

Reinforcement Learning

Reinforement Learnirg (RL) is a naturd paradign for
progammirg thesesystemssinceit doesnot requre ex-
ternal supenrision and learnsfrom potentially delayedre-
wards(Barto, Bradtke, & Singh199R8). Here,RL is usedto
solve thetempaal creditassignmenprodemfor anoptimd
policy with respecto agivenreinfarcer.

Q-learnimg is usedto compue the discountedsumof fu-
turerewardsfor eachstate-actiorpair, Q(s, a). Thecontrd
policy specifiesvhichaction,a, is to beselectedrom every
states. Initially, actionsarechoserrancbmly to explore the
conseqgancesof contrd decisions. Over time the rewards
obtainel areconsolidatedy updatirg the valuesof Q(s, a)
asthesystentransitiors from states; to states;1:

Q(st, 1) = (1 =@)Q(s¢; ar) +a(re+1 +ymax Q(se+1,b))

wheie r; is the reward receved at time ¢, « is a learnirg
rate,and~ is thediscouring factor As thelearnirg process
progressesthecontiol policy beconesincreasinty focused
onexploiting high-quality actions.

One of the major dravbacks of reinforcemen learnirg
methalsis thelargenunberof trials requiledto find a given
policy. A secondproblemin explorationrbasedearniry is
the needto take randan actionswhich canleadto catas-
trophic failures. The develogpmentalmecharsm describe
in thefollowing section is designé to addesstheseshort-
comngsandleadto high perfamancdearningsystems.

As policiesareconstrieted,schematshatcaptue reward
ing behaior are extractedand incomporatedinto the con-
trol basis. Subseqent policies may explore re-usirg these
schemga which provide a tempaal abstractiorof the prob
lem domain This hierachical appoachis formdized here
asa Semi-Marlov DecisionProcesgSMDP).

Developmental Schedule

The set of primitive actionsfrom a given contrd basis,
® x 2% x 2% | is quitelarge. Thisis goad from the per
spectve of expressive power but badfor computationalcom-
plexity. Theefore,aspectof developmentalstructue have
beenimplementedto biasexplorationtoward compuation-
ally tractablesubset®f the actionandstatesetsin orderto
accunulatecritical contiol knovledgesequetially.

Theresouce mocel expressesonstraiis on the sensors,
effectors,andpotentialfunctions/policiesthat may be con-
sideredwhengeneating actions. As suchit mocels the ef-
fect of the matuational mechanismsliscussedgreviously.
To incorpaatethe “maturational” constraintgnto the con-
trol system the apprach presentecereusesthe Discrete
Event Dynamic Systems(DEDS) formalism (Sobhet al.
199) to constrén the rangeof legd interactians to those
thati) satisfyreal-timecompuing constraits, ii) guaratee
safetyspecificationsandiii) areconsistentwith kinematic
anddynamic limitations. In this formalism the stateof the
systemis assumedo evolve with the occurenceof discrete
eventsanda supenisor takestheform of a nordeterministic
finite stateautonmatonin which statesare patternsof mem-
berslip in dynamicmodelsandtransitiors represeticoncu-
rentcontrol situations. Logical condtions on the predcate
vedor influencetherange of contiol optiors.

Example: Learning Quadrupedal Gaits

To demanstratethe preseted controlapprachandto illus-
trateits benefits this sectionpresents sequene of expeli-
merts usingthewalking platfom“Thing” (Figure 4).

Figure4: Thing al2degreeof freeddmquadupeddesigne
to learnwalking gaitsusingthe developmentdassembler



Thingisasmall,12degree of freedmquadupedthatwas
“born” with threeprimitive controlobjedives,¢ € ®, in the
contrd basis;naméy, force, position,andkinematic condi-
tioning objectives. Contrdlers areconstructedy associat-
ing objectives with resoucesandcorcurrentcontollersare
constricted using subject-tocompgitions (Hube & Gru-
penl1997). A developmentalsequene wasimplementedin
which Thing learnssimple policies andthenusesthemas
abstractctionsin abehaioral hierarcly.

Developmental Constraints

Thedevelopmemal sequenewasimplementiedin thedevel-
opmental assembleastime-varying constraiis which rep-
resent'maturdional” processeanddonmain requirements.

“Maturat ional” ResourceConstraints Thesimplestgait
in Thing's repertare achieses reward by accumiating a
headiy charge. The resoure model for this ROTATE
schemaonsides recrliting three-lggedtripod stancesnto
contrdlers. Objective type ¢, is a Zero Moment Point
(ZMP) contrdler paranetrizedby the sensorsandeffectors
with which it is implemenied. Sensorgdesignée the posi-
tion of threefoot placemets andoneof thesethreelegswill

be contolled to minimizedthe netmonentarourd the plat-
form’'s centerof mass.

) input tripod
¢1 : ZM P controller | /... leg

Therearefour unigue tripod stancedor a quaduped,each
of which canelectto apply ZMP contrd to oneof thelegs.
Thisrecruitmeh mockl yields 12 unigue contollers.
Further the resouce modelincludes a single kinemaic
condtioning contoller thatlooks at the corfigurationof all
4 legs and executesmaovementsto rotatethe robd’s body
while leaving thefoot placemat fixed. Objective ¢, is thus
a kinematic conditianing (KC) contller thatoptimizesthe
condtion of thelegsby rotatirg therobot’s heading .

. input tetrapod
@2 : KC controller |}, .q4ing

Theresoucemodel therefae, providesafirst layerof de-
velopmentalstructure organizinga setof 13 unique primi-
tive contrdlers for therotatetask.

Quasistatic Constraints If therearek mocels of contrd
dynamicsfor eachcontrdler, thentherecanbeat most2 13*#
unige memtershippatterrs. However, mary of thesestates
areunreachable Moreover, Bernsteinsuggestedhat much
canbe learnedin a qussistatically stableappoximation of
the uncastrainedstatespace.In this case,we requre that
the robot always maintainsat leastonestablestance.lf we
definethe corvergencecondition (mockl F in Figure3) to be
satisfiedwhenthetripodis stablethenno addtional mocels
arenecessaryMoreover, for eachZMP contrdler, the sta-
bility assertionis independentof which leg is assignedas
the effector. Thelefore,the statusof the 12 ZMP controlles
canbe capture in 4 binaly predicatesp;, eachindicating
thecorvergerce of aZMP contrdler to a stableequilibrium.
With the kinematicconditianing control, this leadsto 5 bits
of stateinformationfor the quasistaticondtion.

state = [po §¢1 212; D1 £¢1 2233) p2 (61 ]%)

p3 (91 9"%) pa (62|07

In the expeiimentsreported we allowed up to threeob-
jectivesto beaddressedimultaneosly, leadingto 1885ac-
tions. To guaanteethat the robot will not fall, it is neces-
sarythatat leastoneZMP contrdler is nearequilibrium at
all times. This specificationis expressedas a logical dis-
jundion, po V p1 V p2 V p3. Thisstructuralaxiomis usedas
afilter during exploration, redudng the average numter of
legd actionsto just157.

Compiling Control Knowledge

Using the developmentalmechaism describechere,a first
experimentwas usedto learntwo basicwalking schemata,
nanely a ROTATE schemdor rotationin placeanda STEP
schemacorrespadingto a simplesteppingpattern.

The ROTATE Schema In thefirst learningtask, the de-
velogpmentalconstraiits introducedin the previous sections
wereappliedanda rewardstructue wasprovidedto reward
cortrol sequencethataccumiate anguar rotations:
r=Ap=pr—pr-1
Index k heredesigratesconsective corvergerceeventsand
o is theheadhng following corvergenceof actionay, . The
rotation gaitillustratedin Figure6, wherethe bit vectasin
the statesindicatethe valuesof the five corvergencepred
icates,was acquiredreliably in abou 11 minutes,on-line,
in asingletrial. Figure5 shows the average learningcurne
over 10 learningtrials for the ROTATE Schema.
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Figure 5: Performanceof the ROTATE gait during learnirg
(left) andduring execttion (right).
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Figure 6: The ROTATE policy with cortingenciesor a va-
riety of run-time contexts. The centra cycle hastransition
probabilitiesgreaterthat95%.

The STEP Schema After the ROTATE gait waslearned
the resouce mocel was elaborged to suppat resouce en-
gagementsthat could translatethe robd’s centerof mass.



Thenew designcontainslO statepredicate and175actions
onaverageperstate.A rewardsignalwasprovidedthatwas
proportiond to theforwardmotion of therobot, resultingin
a STEPschemathat repesentsa simple forward stepping
pattern.Figure7 shavsthe correspadinglearningcure.
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Figure 7: Performanceof the STEP gait during learning
(left) andduringexeaution (right).

Re-UsingSchemata- The TRANSLATE Schema

Oncethe ROTATE and STEPschematare captued, they
canbeincludedin the contrd basis,makingthemavailable
for re-uiseastemponlly exterdedactions.

To evaluatethe relative impad of thesebehaioral ab-
stractionsandthe associateaontiol knowledgein the con-
text of a new task,an addtional seriesof expetimentswas
perfamed. For theseexpeliments,the resouce modelwas
firstfurtherenrichedto includethepositioncontrdler, yield-
ing 12 statepredcatesand an averag of 231 actionsper
state. Thenareward signalproportionalto the reductia in
distanceo thegoalwasprovided.

T =dp_1 —dg

whered, is therobot's distancerom thegoalafterevert k.

Usingthis setup,a baselinexperimentwas perfamedin
which noneof the schematavas available. Subseqgantly,
two moreexperimentswere perfamed, the first usingonly
theROTATE schemandthesecondisingboththe ROTATE
andtheSTEPschemataFigure8 commarestheperfamance
of thethreeTRANSLATE desigrs.
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Figure8: Perfamanceof the TRANSLATE schema.The
left panel compaes learning performarce without ary
schemawith the ROTATE schemaandwith the ROTATE
andthe STEPschemataTheright panelshows the perent-
ageof execuedstepsfrom a schema.

Each10,0® contol actionshererequred abait 2 hours
of run-time in a singletrial. After rouchly 2 houss, the per
formanceof both larger problemdesignsexceal the more
econanical basesystem.Moreover, it canbe seenthatthe
systemwith bothschemataasily outperforns the onewith

only the ROTATE schemdalthoudh thegaitslearnedn both
casegeachthe sameasymptotigperfamanceafterappoxi-
mately110,@®0 steps).

The graph on theright of Figure8 shows the percentag
of timesthatanactionexecutedin theTRANSLATE schema
was eitherfrom the ROTATE or the STEPschema.These
cunesshaow thatin the caseof the TRANSLATE gait with
only the ROTATE schemahefinal gaitusesheschemaonly
appoximately 2% of the time. However, eventhis limited
usepermitsthe systemto successfullyorientitself with re-
specto thegoalandthusindirectly focuseghelearnirg pro-
cesonacquiringawalking patternwithout having to worry
abaut alignmen. In the caseof the TRANSLATE gait with
both the ROTATE andthe STEP schemataschemausage
increasesto more than50%, indicatinga significar re-use
of the basicsteppingpatternencodedn the STEPschema.
The learnirg processcan herefocus on the acquisitionof
transitiongaits and on the improvementof the basic step
patterninto arobustTRANSLATE gait.

Hierar chy - The MAZE-SOL VE Schema

Onceschematéor rotatingandtranslatingarein place,nav-
igating in a clutteredenvironmentcan be formuated as a
policy for decidng whento engagethesetempoglly ex-
tenced actions,one at a time in responsdo obsered ob-
stacles. We demorstratedthat Thing canfind a pathfrom
point A to point B with no prior knowledge of theinterven-
ing obstaclesisinga forwardlooking IR proximity detecto
to obsere obstaclesnraite andmaptheminto its config
uration space.Thelocomdion planfollows a streamlingn
a harmanic function pathcontrdler by selectingoneof two
tempaally exterdedactions(ROTATE, or TRANSLATE)in
a 4 statefinite stateautanaton. The stateis derived from a
2 bit “interactionbased’statedescriptor Onebit describes
thecornvergencestatusof therotatecontmwoller, andtheother
descrilesthe convergerce statusof the translatecontrdler.
Figure 9 shavs anexanple run of theroba.

Conclusionsand Futur e Work

This paperpresentsan appr@chto robot control that uti-
lizes developmenal mechaismsto autanatically geneate
cortrol knowledgein termsof behaioral schematahatcan
bere-usedn subseganttasks.Takingguidancefrom deve-
opmentaltheoryin biological systemsthis appoachbuilds
betavior from a setof closed-lop contrdlers, correspad-
inglooselyto reflexesin biological systemsSkill learningis
guidedwithin thedevelopmentalassembleusinga develop-
merntal schedulghatimposesconstraintsn a DEDS frame-
work to simulatethe effectsof maturatioal mectanismsin
biological systems. In particlar, it imposestime-vatying
corstraintson the setof sensorand effecta resouicesthat
canberecrited by the controlelements.

A sequeneof expetimentswasperformedthatillustrated
the potential of the propsedapprach in the contet of
a developmentaltrajectoy for a quadupedrobot. These
experimentsclearly demanstratethe benefitof incorporat-
ing learnedcortrol knowledge in the form of behaioral
scheméta andillustratesthe poterial for reductimsin state
spacecompexity oncecompetehschematarelearned We



Figure9: The MAZE-SOLVE schemahas3 actiors - RO-
TATE, TRANSLATE, and a harnonic function path con-
troller. The MAZE-SOLVE schemalescendshe harmanic
potertial usingTRANSLATE subjecto ROTATE andsolves
all mazedor whichthereexistsapathattheresoldion of the
configuationspace(illustratedon theleft).

are currently in the processof investigding technquesto
further generéize learred schematainto figurative forms
which can be instantiatedwith different resouce assign-
ments. Such capabilitiesto predict other instancesof a
schemajn turn, could leadto significantlymore advarced
represetationalabstractios andpotentiallyto metaplorical
extensimswherely schematareexterdedto otherphysical
exampes of thatphenanenon
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